Virtual screening (VS) is an attractive, cost-effective approach to identify novel bioactive small molecules. Unfortunately, there is no universal VS strategy that would guarantee high hit rates for the selected biological target, but each target requires distinct, fine-tuned solutions. Here, we have used a widely applied drug discovery target, estrogen receptor α (ERα), for the comparison of the effectiveness and usefulness of ligand-based method common pharmacophore hypothesis, and structure-based methods molecular docking and negative image-based screening as potential VS tools. Firstly, we identified an already known active ligand from the widely-used bechmarking decoy molecule set. Secondly, although VS against one commercially available database with approximately 100,000 druglike molecules did not retrieve many testworthy hits, one novel hit molecule was identified.
Introduction
In the modern drug discovery research, computational tools are increasingly used for costeffective and rapid identification of new drug candidate molecules. 1 Especially, the development of virtual screening (VS) approaches gains attention because it offers an attractive approach to identify novel bioactive molecules from the chemical libraries. 1a VS protocols can be designed to meet any specific requirement depending on the availability of the known ligands and/or target structure information.
VS methods can be classified under two main categories: ligand-based and protein structure-based VS. 2 Ligand-based VS is in practice the only solution when the structure of the target protein is absent, and cannot be reliably modeled. Ligand-based VS methods use the existing structure-activity data and calculated physicochemical properties of known bioactive molecules. Ligand-based VS includes methods such as three-dimensional (3D) quantitative structure-activity relationship (QSAR), 3 two-dimensional (2D) fingerprint similarity search, 4 and pharmacophore hypothesis. 5 In contrast, protein structure-based VS uses the 3D-structure information of a target molecule. From these methods molecular docking is the most commonly used. 6 However, molecular docking is computationally more expensive than ligand-based techniques, and the scoring functions associated with docking are not always effective in prioritizing the active molecules. 7 Although, all of the above mentioned VS methods have been proven to be useful in hit identification, each method also has their its pitfalls. 8 Accordingly, ligand-and protein structure-based VS have also been integrated, e.g. through docking based ligand alignment has been applied with 3D-QSAR methods. 9 Furthermore, in negative image-based (NIB) screening the ligand binding pocket (LBP) of the protein is described as a mimic of the ligand, which again, can be rapidly compared against library of small molecules with typical ligand-based methods. 10 Also the comparison of several methods can be a useful way to obtain more knowledge about the requirements for high affinity binding. 11 Estrogen receptor (ER) is a nuclear hormone receptor, which functions as a mediator of estrogen's action in different parts of the body, and is an established target for drug development in infertility management, contraception, menopausal hormone replacement therapy, and endocrine based breast cancer therapy. 12 Among ERα binding ligands, selective ER modulators (SERMs) have received a remarkable impact in pharmaceutical development for osteoporosis and estrogen sensitive cancer. Because of the availability of the X-ray crystal structure-ligand complexes and a large number of chemically diverse active ligands, ERα has been widely used in the development of VS methods, 13 and was thus chosen as the test system for comparative evaluation of both ligand-and structure-based VS methods.
In brief, the aim of this study was to compare the effectiveness of the ligand-and structure-based VS methods using ERα ligands belonging to distinct chemotypes, and their bio-molecular target ERα as a test system. Furthermore, we tested the developed models in the discovery of ERα ligands.
Experimental

Biochemical Data and Preparation of Datasets
In this study, we have used two data sets, referred as DS1 and DS2. DS1 contains carefully chosen 101 chemically diverse SERMs from ChEMBL database 14 with homogenous ERα inhibitory activity with pIC 50 -values (i.e., -log(IC 50 )) ranging from 5 to 9.7 (Supplementary Tables S1 and S2). DS1 ligands belong into 18 different chemotypes ( Supplementary Table   S1 ), from which the most active molecules have a benzoxathin or a 2-aryl benzothiophene scaffold. DS2 constitutes of a set of ERα antagonists (n = 39) and a large number of ER decoy molecules (n = 1395) provided within the Directory of Useful Decoys (DUD) 15 . To complement the comparability of DS1, the same DUD decoy molecules (n = 1395) were also added to it. The 3D structures of both DS1 and DS2 ligands were prepared using Ligprep 2.5 (Schrödinger Inc, New York, NY) , where the stereochemistry of all the compounds was retained, while the protonation state for all the ionizable groups was set at pH 7.4. A conformational search was performed using ConfGen 16 with pre-minimization using MMFF94 force field 17 with distant dependent dielectric solvent model.
Common Pharmacophore Hypothesis Model Generation
The common pharmacophore hypothesis (CPH) based 3D-QSAR models were built within the PHASE v3.3 18 . For 3D-QSAR model development and validation purpose, DS1 active molecules were further divided into training set and test set with the ratio of 70:30. As PHASE uses only the most active compounds in the training set to create pharmacophore hypothesis, an activity threshold was set for the selection of active ligands (IC 50 ≤ 1nM, i.e. pIC 50 ≥ 9) and inactive ligands (pIC 50 ≤ 6.5) in the training set. The pharmacophore sites were created for all ligand conformers in DS1. These pharmacophore sites are specific chemical features of ligands defined in PHASE as hydrogen bond acceptors (A), hydrogen bond donors (D), hydrophobic groups (H), negatively charged groups (N), positively charged groups (P) and aromatic rings (R).
Target Structure Preparation and Molecular Docking
The X-ray crystal structure coordinates for human ERα ligand-binding domain in complex with 4-hydroxytamoxifen (PDB: 3ERT) was retrieved from the RCSB Protein Data Bank (PDB) and prepared with the Protein Preparation Wizard in MAESTRO v9.2. 19 During the protein preparation, the bond orders were assigned, and hydrogen atoms and formal charges were added to heterogroups. The water molecules within the ligand-binding domain (LBD) were preserved for docking, and all other water molecules 5 Å beyond heterogroups were deleted. The hydrogen bonding network of binding site residues was optimized by selecting the histidine tautomers and by predicting the ionization states. The optimized protein structure was then subjected to all-atom constrained energy minimization using the IMPREF module of MAESTRO v9.2 with OPLS-2005 force field 19 . The prepared ERα structure was used for the molecular docking simulations. The prepared DS1 and DS2 molecule sets were docked flexibly utilizing GLIDE v5.7 standard precision (SP) and GLIDE extra precision (XP) scoring functions. 20 The default settings in the GLIDE were used for both the grid generation and the flexible docking. In addition, molecular docking with PLANTS software was performed using CHEMPLP scoring function with binding site radius 15 Å from the center of the binding cavity, and the results were cluster with RMSD 2.0 Å. 21
Molecular Dynamics Simulations and Negative-Image Creation
The protein flexibility was introduced in the NIB models by constructing the negative images for an ensemble of protein conformations derived from molecular dynamics (MD) simulation snapshots. For MD, the same protocol was used as previously. 22 In short, the preparations for MD simulations were performed as follows: (1) The water molecules and the co-crystallized ligand in the crystal structure were removed from ligand binding cavity;
(2) Ligand binding cavity was filled with water molecules using VOIDOO/FLOOD 23 , (3) TLEAP in ANTECHAMBER 1.27 24 was used for creating force field parameters for the protein (ff03 25 ), adding hydrogens and solvating the structure into a 13 Å rectangular box of transferable intermolecular potential three-point water molecules (TIP3P 26 ). Then the MD simulations were run with NAMD 27 , by using the same parameters that we have successfully employed earlier 22b . The snapshots at 400 ps intervals were extracted from the MD trajectories with PTRAJ 10 in the ANTECHAMBER 1.27 24 and used for NIB model creation. In principle the NIB models were built as described previously. 10
Electrostatic Information and Shape Comparison
The electrostatic information of target protein was incorporated into the NIB models through assigning an atom-centered MMFF94 charges 17 for the protein atoms. Then the charges of the protein atoms within 1.8 Å radius of each NIB model data point were averaged and the opposite charge values assigned to the corresponding NIB data point. This particular radius is taken into account due to consideration of atoms within hydrogen bonding distances. The shape comparison and electrostatic matching of the ERα NIB models against the DS1 and DS2 was performed with SHAEP 28 , as described in our earlier studies. 10 For electrostatic matching, MMFF94 charges 17 were pre-computed for all molecules in DS1 and DS2.
Fluorescence Polarization and pIC 50 Values
The pIC50 values of identified molecules were measured using green PolarScreen TM ER Alpha Competitor Assay (Life Technologies, CA, The United States of America) kit. The protocol provided by the manufacturer was followed. Briefly, dilution series where the final concentration of the test compounds ranged between 0.0007 and 10 000 nM was prepared.
The test compounds were combined with 25 nM ERα and 4.5 nM fluormone in the assay buffer and placed on black low volume 384-well assay plate with NBS surface (Corning, NY,
The United States of America). After mixing the assay plate, it was incubated for 2 hours in room temperature. The fluorescence polarization was then measured using excitation wave length 485 and emission wave length 535 with bandwidths of 25/20 nm. The measurements were performed on 2104 EnVision ® Multilabel Plate Reader which had EnVision Workstation version 1.7 (PerkinElmer, MA, The United States of America).
Synthesis
The coumarin derivatives were synthesized using Perkin-Oglialor condensation reaction. The method was developed from the earlier published procedures and transferred to microwave reactor. 29 The general procedure for the synthesis is shown in Supplementary Fig S1 with detailed synthesis and characterization.
Results and discussion
Validation and Performance Evaluation of Common Pharmacophore Hypothesis Model
The pharmacophore hypotheses were synthesized from six variant lists (A, D, H, N, P, R). The used dataset was divided into training (70%) and test set (30%), where the test set created by PHASE was further verified to contain ligands from all chemotypes and from the most and least active groups. Five combinations of five chemical features were common in all most active ligands (pIC50 ≥ 9), from which the PHASE innate scoring function scores the hypotheses for survival to number of active (pIC50 ≥ 9) and inactive ligands (pIC 50 ≤ 6.5). The high ranking hypotheses were used for CPH based 3D-QSAR model building and validation.
APRRR-223 ( Fig. 1) was identified as the best hypothesis on statistical grounds (R 2 = 0.923, standard deviation = 0.317, Fischer significance F = 154.7, and chance correlation P = 4.47 × 10 -44 ). Survival numbers of active and inactive ligands for the best CPH model were 43.1 and 42.5, respectively. Based on this, it can be said that the DS1-based CPH-based 3D-QSAR model should be highly reliable and thus give accurate predictions.
The selected model, APRRR-223, was mapped on to the most active SERM (ChEMBL198803; 0.2 nM), and the least active SERM (ChEMBL380838; 10,000 nM) in the DS1. While the CHEMBL198803 aligns perfectly with the model, the least active, CHEMBL380838, could not match all the pharmacophore features in the hypothesis, e.g. CHEMBL380838 does not have an essential chemical feature that matches with positive pharmacophore site. Thus, the derived pharmacophore hypothesis is capable to differentete the most active from the least active SERMs. In total, from the 101 DS1 ligands, the CPHmodel identifies 61. However, two active ligands (ChEMBL241301 and ChEMBL391910) in DS1 with pIC 50 > 9 were not mapped into the CPH model and they were consistent outliers for this 3D-QSAR model. The outlying behavior of these ligands is apparent from their very unusual structural features compared to other active ligands in the DS1 data set.
The 3D-QSAR model constructed along with CPH-model has the following statistical parameters: Q 2 = 0.822, RMSE = 0.431 and R 2 = 0.870. The high Q 2 value shows the accuracy of the model in predicting the ERα activity in the test set. To further evaluate the performance of the 3D-QSAR models, also DS2 was used in the screening process. With compulsory matching of all five pharmacophore features in the hypothesis, out of 39 active ligands and 1395 decoys in the DS2, the hypothesis recognized 16 most active antagonists without selecting any decoys. It must be noted that among the 16 identified DUD antagonists, four already existed in the DS1 and were used in the pharmacophore development and validation. Model was also able to identify chemically distinct antagonists, in contrast to DS1 that belong to the chemotypes of naphthalene, dihydronapthalene, triaryl ethylene and tetracyclic scaffolds. With the objective of recognizing more actives from DS2, the secondary screening was performed with random relaxation of any one of the pharmacophore features from hypothesis (all combinations of four features) that recognized all 39 active ligands and more than 600 decoys (43%). This shows the importance of all five chemical features in APRRR-223 hypothesis ( Fig. 1) . Accordingly, the hypothesis with all five features is likely to identify most of the highly active ERα ligands, but cannot identify any low-affinity hits in VS campaigns, and if model is relaxed to four features, the disdinguisment of active ligands from inactive molecules becomes highly unreliable.
Molecular Docking
The regression models were derived by correlating the ERα activity and the corresponding docking scores (Fig. 2) . The GLIDE SP score based regression model yielded a better correlation coefficient (R 2 = 0.638; Fig. 2a ) than computationally more demanding GLIDE XP (R 2 = 0.230; data not shown). Thus, the GLIDE SP based scoring was used in the model active ligands is that the antiestrogenic side chain (e.g. diethyl amine, pyrrolidine, and piperdine) is able to form an ionic interaction between the amino group of SERMs and carboxylate of Asp351. Note that the ER agonist ChEMBL135 (17β-Estradiol), partial agonists like ChEMBL44 (Genistein), ChEMBL8145 (Daidazin), and ChEMBL30707 (Coumestrol) and other structurally similar ligands in DS1 do not produce ionic interaction with Asp351 due to lack of antiestrogenic side chain.
A summary of receiver operating characteristics (ROC) curves were given as area under curves (AUC) values. The ROC curves plotted for the docking models and for the SHAEP comparisons with NIB models (see below) are shown in Supplementary Fig. S2 . The ROC-AUC show better performance for GLIDE SP docking than PLANTS CHEMPLP docking in both DS1 and DS2 ( Supplementary Fig. S2 ). The ROC plot for GLIDE SP with both DS1 and DS2 yielded high AUC = 0.91 ± 0.01 (Table 1) . Correspondingly, in case of PLANTS docking model, the ROC plot for DS1 showed AUC = 0.65 ± 0.01 and for DS2 yielded AUC = 0.73 ± 0.01 (Table 1) . Overall, the GLIDE SP docking was able to find actives effectively in both DS1 containing larger number of SERMs and in DS2 having lesser volume of antagonists. Even though the AUC for DS2 in PLANTS is higher than for DS1, the early enrichment for DS1 is considerably higher (Table 1 , Supplementary Fig. S2 ). Even if the efficiency of finding the active ligands over decoys with PLANTS CHEMPLP docking model was found slightly lower than with GLIDE SP, PLANTS is still suitable for improving the separation of lower activity molecules from the datasets when used in combination with GLIDE. Therefore, the hybrid Initially, a total of 21 NIB models (numbered from 0 to 20; where 0 is the starting structure) were created for LBP of ER at regular intervals from MD simulation. Each of these individual NIB models was screened against DS1 and DS2 using SHAEP. AUC-values for the NIB model search (21 separate models) with DS1 showed AUC ranging from 0.01 to 0.97, whereas with DS2 AUC ranged from 0.38 to 0.85 (data not shown). The highest AUC ≈ 0.97 ± 0.01 with DS1 was obtained for the NIB model 1, i.e. slightly relaxed crystal structure. The above AUC was obtained using the NIB model search with the charge distance of 1.8 Å and the shape and electrostatic weight of 50 %. These parameters for charge distance and electrostatic weighting were chosen based on our previous studies. 10 Correspondingly, NIB model 1 gained AUC ≈ 0.74 ± 0.05 with DS2 in identical search. Furthermore, the binding poses of DS1 ligands on various NIB models were compared with the crystal structure ligand conformation and their corresponding docking pose. These results suggest that NIB model 1 is the best model in every aspect, and thus, although our initial idea was to use all or at least several NIB models together, as previously, 10b we decided to use NIB model 1 alone for further evaluation and optimization (Fig. 3) .
The selected NIB model 1 was validated by varying the degree of electrostatic weighting from 0 to 100 %, with intervals of 10 % (Table 1) . With this procedure we want to control that the electrostatic potentials assigned to the corresponding NIB data points are reasonable and in balance with shape effect i.e. the best electrostatic weighting should be somewhere around 50 %. The shape alone NIB model 1 search resulted an AUC = 0.61 ± 0.03 for DS1. The gradual addition of electrostatic contribution to the NIB model 1 search increased the AUC values from 0.65 ± 0.03 (10 % electrostatic contribution) until 0.97 ± 0.01 and 0.96 ± 0.01 (70 % and 80 % electrostatic contribution, respectively) ( Table 1 , Supplementary Fig. S3 ). However, further increase in electrostatic contribution did not improve the AUC values with either of the datasets. The searches with DS1 yielded the poorest AUC-values, when lowest electrostatic contribution was used (shape only to 20 %) ( Table 1 , Supplementary Fig. S3 ). These results clearly indicate that the shape alone model is unable to effectively distinguish active molecules over decoys. When considering only the very early enrichment, the top 0.5 % of DS1, the results were almost equally good regardless of the electrostatic contribution, whether with the early enrichment, the top 1 %, the enrichment and number of hits were highest when electrostatic contribution was ≥ 50 % (Table 1) . With DS2 the best AUCs were gained when electrostatics was weighted 50 -70 %, but altogether the results were very even with all comparisons from shape alone up to 70 % electrostatic weighting. Notably, with electrostatic weighting ≥ 90 %, no active molecules were found in the top 10 %.
Because NIB model 1 is not based on the conformer introduced by the crystal structure 3ERT but a slightly relaxed protein structure from the minimizations performed before actual MD simulations, the relaxed protein conformer was also used in docking simulations for reliable comparisons. However, neither GLIDE SP nor PLANTS CHEMPLP benefitted from this. All AUC-values decreased compared to docking with original crystal structure ( Table 1) . The most notable reduction in AUCs occurred in the GLIDE SP docking with DS1 from 0.91 to 0.73. In fact GLIDE SP was able to dock less active molecules from DS1 when using relaxed protein conformer (only 90 % of the actives). Correspondingly also absolute enrichments and number of hits decreased (Table 1) . Only PLANTS CHEMPLP docking with both DS1 and DS2, showed slender improvement in very early enrichments when relax protein conformer was used.
Identification of ER ligands with VS
Our key attempt was to build a workflow that can be used for reliable prediction of ER binding, and that could be applied, not only in the identification of novel drug candidates, but to predict the environmental toxicity of chemicals, and to enable the prediction of binding for the ligands that are developed for other target proteins in drug discovery, for example 17β-hydroxysteroid dehydrogenase. 6d Since NIB-model shows excellent AUCvalues, the 20 best recognized decoys selected by these models were examined (electrostatic weighting 50 %). Noteworthy, ZINC03826690, identified by 13 NIB-models, was also predicted by the docking to have very high activity (GLIDE SP: -11.43; PLANTS CHEMPLP: -118.8), suggesting a pIC 50 > 8. Indeed, this compound is a known ERα ligand (pIC 50 : 8.0), and being thus, inaccurately marked as a decoy in DUD. Furthermore, decoy molecules ZINC02630310 and ZINC03867590 were identified in the top-20 of decoys by several NIB-models, and the docking scores predicted that the pIC 50 -value for these compounds would be approximately 6.5-7. Unfortunately, these compounds are not commercially available, and thus, cannot be tested. All other decoy molecules were poor based on NIB-models. However, if we consider decoy molecules that are ranked higher than ZINC03826690 by either of the docking methods, we find 12 molecules that all resemble ZINC03826690, indicating that also these molecules could have ER activity (Supplementary, Fig. S4 ). Unfortunately, these molecules are neither commercially available.
To test the performance of developed models a library of 100,000 drug-like compounds from one commercially available database was screened; unfortunately, we did not identify any potential high affinity molecules (pIC 50 > 7.0) using combination of four methods: pharmacophore, GLIDE SP, PLANTS CHEMPLP and NIB. This is mainly, because the pharmacophore model with all five features is already too specific for this type of VS campaign, and with four features the model does not discriminate inactives with high enough accuracy (see above). On the other hand, if we only take into consideration both docking methods and NIB-method, five hits remain ( Table 2 : S1-S5). Only one of these molecules (S4) showed activity in vitro within concentration range of 0.0007 to 10 000 nM with pIC 50 value of 6.6. Accordingly, with blind screening where only the numerical comparisons are used, the results contain still lots of inactive ligands.
Next, small virtual library of easy-to-synthesize molecules with 17beta-estradiol sized coumarin-core was screened and analyzed. Again, only docking and NIB-method were able to identify hits. Out of these, few molecules were predicted to be active. Visual inspection revealed that some of the compounds could truly be active ER ligands, and were synthesized. Indeed, when the top five molecules were synthesized and tested in vitro they had pIC 50 values from 5.5 to 6.5 ( Table 2 : 1-5).
Based on the visual inspection of docking results for identified hit molecules the purchased molecule resembles known partial agonists in size, and the synthesized ligands are similar in size with known agonists. In general, the blind follow of numerical estimations (purchased molecules) yielded molecules that were predicted too optimistically. When prior understanding of known ER-ligands was used in the guidance of molecule design (small virtual library of coumarins), also the activities were predicted more accurately (Fig. 4) . In general, the GLIDE SP gave over predictions while PLANTS CHEMPLP under predicted the analyzed molecules.
Conclusions
Here, we have investigated the effectiveness and usefulness of ligand-based method CPH, structure-based methods docking and NIB model as possible VS tools for the identification of novel ERα ligands. This comparison of the above mentioned methods as VS tools describes nicely their different ability to identify active binders for ERα and also helps to better understand the relative advantages and limitations of these methods. The NIB was very efficient in prioritizing the active molecules over a large number of DUD decoys that shows the vitality of the method in structure-based VS for identification novel ERα ligands. The optimized NIB model yields better results for early enrichments than other methods, which is important in VS. Furthermore, the NIB model screening is typically faster to perform than other structure-based methods e.g. docking. Thus, NIB is a feasible option for screening large databases with less computational time and efficiency. The CPH with 3D-QSAR shows that pharmacophore hypothesis finds strictly the most active ligands, but the prediction capacity is highly chemotype dependent, and in VS campaign done to identify hit molecules, the model has too many features, and if relaxed, too many inactives are identified. The docking (especially GLIDE SP) can be used for the identification of active molecules but above all for improving the estimation of the binding affinities of novel ERα ligands. Accordingly, in a workflow where large compound collection is explored, the initial screening with fast NIB, and then rescoring of the top-ranked hits with accurate docking with careful visual inspection can be recommended. Tables and table legends 0.65 ± 0.01 10.6 (5) 6.9 (7) 8.3 (42) 5.0 (51) 0.73 ± 0.01 10.5 (2) 13.1 (5) 6.6 (13) 3.9 (15) Hybrid 0.79 ± 0.01 8.5 (4) 6.9 (7) 11.5 (58) 6.2 (63) 0.86 ± 0.01 5.3 (1) 10.5 (4) 9.2 (18) 6.2 (24) Relaxed protein conformer GLIDE SP 0.75 ± 0.01 10.6 (5) 5.9 (6) 5.3 (27) 3.9 (40) 0.89 ± 0.01 5.3 (1) 10.5 (4) 10.7 (21) 7.2 (28) PLANTS 0.62 ± 0.01 14.8 (7) 7.9 (8) 6.5 (33) 4.5 (46) 0.71 ± 0.01 15.8 (3) 10.5 (4) 5.1 (10) 3.6 (14) Hybrid 0.73 ± 0.01 10.6 (5) 6.9 (7) 6.5 (33) 4.1 (42) 0.85 ± 0.01 5.3 (1) 10.5 (4) 9.7 (19) 5.7 (22) SHAEP NIB model 1 (relaxed protein conformer) Shape only 0.61 ± 0.03 14.8 (7) 11.9 (12) 4.9 (25) Detailed synthesis and characterization data for molecules 1-5. Supplementary Fig. 1 . The general procedure for the synthesis of coumarin derivatives A mixture of salicylaldehyde derivative (2 mmol) and phenyl acetic acid derivative (2.1 mmol), acetic acid anhydride (0.6 ml) and triethylamine (0.36 ml) were placed in a microwave reactor tube and this mixture was heated at 160-170 °C with the CEM Discovery microwave apparatus for 10 min. After cooling, 2 ml of 10% NaHCO 3 solution was added and the precipitate was filtered, dried and recrystallized from ETOH/H Optimization of the NIB model 1 with varying weighting of electrostatic potentials and shape. ROC curves for NIB model 1 (a) show that the best result is achieved using electrostatic weighting of 50 to 80 %. The AUC fluctuates along with the change in electrostatic weighting (b) indicating the huge importance of electrostatics in effective distinguishing of active molecules from molecular libraries.
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